The effect of education on labour market outcomes is analysed using both survey and administrative data from The Brazilian PNAD and RAIS-MIGRA series, respectively. Occupational destination is examined using both multinomial logit analyses and structural dynamic discrete choice modelling. The latter approach is particularly useful as a means of evaluating policy impacts over time. We find that policy to expand educational provision leads initially to an increased take-up of education, and in the longer term leads to an increased propensity for workers to enter non-manual employment.
Introduction
Education has been seen as a route to prosperity by the governments of many countries, both in the developed and developing world. In the former countries, education has been promoted as a means of securing a comparative advantage in the production of goods and services that embed a high degree of human capital. Many less affluent countries have likewise seen education as a route to development. This raises the question of how successful such policies can be: are countries merely leapfrogging one another in a zero-sum game, or does education offer prosperity for all? Particularly interesting in this context are the positions of the BRIC countries -Brazil, Russia, India and Chinasince these are developing rapidly and offer some contrasting stories.
In Brazil, educational provision, particularly at tertiary level, has expanded rapidly over the last decade and a half. The enhanced skills with which many young people now enter the labour force are likely to impact upon their trajectory through the labour market. In particular, we might expect an increasing proportion of workers to find employment in higher status occupationstypically non-manual jobs in the formal sector. Yet there remains remarkably little evidence specific to the Brazilian context on this issue. This paper represents an attempt to examine the data and come to conclusions about the likely direction and magnitude of future change as the labour market responds to recent developments in education policy.
The paper is structured as follows. We begin with a brief discussion of recent changes in education policy in Brazil. We then survey the literature. There follows a short methodological section. Data sources are then discussed, followed by a presentation of the results of our estimation exercises. The paper ends with a discussion and conclusion.
Beyond the traditional forms of formal schooling, there is provision in the Brazilian system for special education and adult education. Technical education, typically delivered independently of the regular high school system, is a requirement for obtaining the diploma of technician. Higher education includes undergraduate courses in a variety of professional areas, open to candidates who have completed high school or equivalent and who have successfully progressed through the recruiting process.
The structure of the Brazilian educational system is summarised in Table 1 . A summary of registration/enrollment data can be seen in Table 2 .
Literature
In many respects, the most obvious forerunner of the work undertaken in the present paper is a contribution by Duflo (2004) who examines the impact of a policy decision rapidly to expand the education sector in Indonesia. Duflo"s work focuses, however, on the wage and labour market participation impacts of the policy on various demographic groups, and is in this sense an analysis of trends at a macro level. In contrast to this, our work drills down to the experience of the individual, and focuses on the choice that individuals make about their activity in each periodwhether that activity be schooling, work in one occupation or another, or something else.
Early work in the analysis of occupational choice stems from the seminal contribution of Roy (1951) who provides an admirably lucid exposition of the way in which destination depends upon skills and upon the distribution of returns to skills in each occupation. The empirical implementation of Roy"s ideas had to await the development of appropriate econometric tools, however. The multinomial logit model, developed by Nerlove and Press (1973) , is in many respects the obvious tool for analysing this type of problem.
This model involves the use of maximum likelihood methods to choose the appropriate parameter estimates in the expressions P(Y=j) = , j=1,2,...,J P(Y=0) =
where the δ terms are parameters and the z are the explanatory variables.
The multinomial logit method, while instructive, does suffer some drawbacks. The first, well documented in the literature, is that it makes an assumption of the independence of irrelevant alternatives. That is, it is assumed that the relative odds between two alternative outcomes are unaffected by augmenting the set of possible outcomes. In some contextsparticularly where the qualitative characteristics of the added regime are close to one but not the other of the two alternatives under studythis assumption is clearly absurd. Several partial fixes for this problem have been suggested in the literature, including nested logit and mixed logit methods. 1 In the present paper we adopt a different approachthat of dynamic discrete choice modelling. The dynamic model links theory to empirical application by adopting a structural approach in which all possible regime choices are included, and, at each date, experience in each regime determines the instantaneous returns to each regime.
A second, rather obvious, feature of the static multinomial logit analysis that is unappealing in the present context is that it is poorly equipped to investigate the impact of policy changes. In particular, the long term impact of an instantaneous change in education policywhere education is usefully regarded as an investment in an individual"s future labour market performanceis not readily captured in a static analysis. For this reason too, use of a dynamic approach is appealing.
The essentially dynamic nature of occupational choice was first addressed by Willis and Rosen (1979) who model the decision of when to leave education as an optimal stopping problem. In their model, there is only one post-school outcome, rather than a multiplicity of destinations (including various occupations and life outside the labour force). A solution to this type of problem is offered also by Rust (1987) who developed the nested fixed point algorithm as a means of solving such dynamic stopping models. The extension of this type of model to the case in which, at each point in time, agents make decisions across a multiplicity of options, and where these decisions are conditioned upon decisions made in the past (and determine the nature of options available in the future) is due to Keane and Wolpin (1994, 1997) . In effect, the Keane and Wolpin method provides a means of empirically estimating models that combine the salient features of the contributions of Roy, on the one hand, and Willis and Rosen, on the other.
The essence of the problem identified by Keane and Wolpin is very simple. In each period, individuals choose between activities. The instantaneous return to each activity depends upon past experience which is made up of the schooling and labour market choices that the individual has made in the past. In each period the choice made by the individual therefore impacts on the returns that she can make not only in that period but in every subsequent period. For an individual seeking to maximise her lifetime returns, the state space is therefore huge. Empirical evaluation of such a model requires the adoption of approximation methods. Keane and Wolpin propose the evaluation of expected future returns at a sample of points in the state space, fitting a regression line on the basis of this sample, and using this line to estimate expected future returns for points outwith the sample. Using these estimates allows us then to proceed to estimate the parameters of the model in the usual way, using maximum likelihood. We use the variant of the Keane and Wolpin model that allows for regime-specific shocks to be serially correlated.
A feature of the structural modelling approach used here is the close relationship between the theoretical model and the empirical implementation. The analyst begins with an assumed specification of the model, and estimates this model. 2 For this reason, empirical applications of this kind are often referred to as structural models. While attractive in the sense that this approach involves the estimation of the parameters of the theoretical model itself, there are some disadvantages. First, a reader might wish to quibble with the precise specification being assumed in the theoretical model; since the empirical implementation is so closely linked to that particular specification, such a quibble assumes empirical importance. Secondly, the close link between theory and estimation means that generic software cannot be developed to estimate models of this kind. In effect, the whole program must be rewritten from scratch each time the specification of the model is subject to a minor modification. These issues have been widely discussed in the literature. Keane (2010) , for example, has noted that "structural econometric work is just very hard to do"and so is not fashionable. We recognise this; we invite the reader therefore to go along with our story while appreciating that no small aspect of the story can be easily tweaked.
In one important respect, our task has been easier than that of earlier researchers in this area. A recent survey of structural dynamic discrete choice models by Aguirregabiria and Mira (2010) is accompanied by a website 3 that offers software that has been used by earlier researchers to estimate these models. 4 The software is written in high level languages (the Keane and Wolpin program, for example, is in fortran), and requires considerable adaptation before being used to estimate even models that are very similar to those evaluated in the original applications. It nevertheless provides a useful starting point.
Both static and dynamic models of occupational choice have been widely applied to the analysis of occupational choice in developed economies. Variants of the static model have been employed by, inter alia, Boskin (1974) , Schmidt and Strauss (1975), Ham (1982) , Makepeace (1996) and Johnes (1999) . In these examples, the emphasis has been on the development of a structural model in which wages explicitly play a key role. In the present paper, we finesse this issue by opting to model a reduced form in which wages do not explicitly appear, but where the determinants of wages are included as explanatory variables. The seminal contribution in the area of dynamic modelling is that of Keane and Wolpin (1997) , but other important papers include Stinebrickner (2000 Stinebrickner ( , 2001a Stinebrickner ( , 2001b .
Despite the availability of high quality household data, there have been relatively few analyses of occupational destination in Brazil. In an early study that uses census data, Arriagada and Ziderman (1992) investigate the extent to which vocational education raises earnings. They find that, where there is a good match between the nature of the vocational education and the characteristics of the occupation in which a worker is employed, the rate of return to education is high, with a Mincerian rate of return of around 22 per cent. This does not differ significantly from the rate of return to academic education. Behrman et al (1996) show that the impact of schooling quality as well as quantity is important in labour market outcomes. Specifically, using data from the 1980 census, their findings suggest that there is a significant independent impact ofschooling quality on wages in Brazil that operates over and above the effect of schooling quantity. With the aim of understanding the effects of economic shocks on employment and schooling, Duryea, Lam & Levison (2007) analyse the relationship between household economic shocks and child employment in Brazil's six largest cities. Brazil has had relatively high levels of child employment, especially considering the country's relatively high per capita income. The authors used the Monthly Employment Survey (PME) from 1982 to 1999, to estimate probit regressions. The regressions indicate that an unemployment shock increases the probability with which a child enters the labour force, drops out of school and fails to advance in school. Curi and Menezes-Filho (2007) have examined the relation between school performance and wages of young Brazilians. After correcting for selection bias problems caused by migration and by the high educational level of the sample, their most important results indicate that the average test scores of a generation has a significant impact on its wages 5 years later, with a positive elasticity of 0.3.
In a more recent study, Curi and Menezes-Filho (2008) investigated the effect of statureviewed as a proxy for socioeconomic, demographic and health conditions -on both wages and education in Brazil. They find that human capital deficiencies in infancy have very important effects over the life cycle so that public investments in health, education, housing and nutrition early on have high returns. Specifically, they examine the relationship between height and school cycles, on occupation allocation and on the earnings of individuals when in the labour market, separately for men and women. They find that height has a positive effect on the probability of completion of the schooling cycles for men and women and on labour market earnings, independently of its effects on occupation and on education. The occupations that require greater ability attract individuals that are, on average, taller. Madeira et al. (2010) have used a difference-in-difference methodology to evaluate the change in probability of older workers (of pensionable age) being engaged in the labour market as employers. They find that the impact of a 2003 law that, for the first time, allowed commercial banks to offer social security recipients loans whose repayments can be made as direct deductions from their salaries was to raise the probability with which such individuals engage in the labour market. Specifically, since such loans are often used for business purposes, the authors find that the probability with which such individuals engage in entrepreneurial activities -and so are classified as "employers" rose by almost 1 per cent in response to the change in the law.
Arguably the most relevant study in the present context, albeit one that uses a somewhat different methodology, is that of Ferreira and Leite (2002) . These authors conduct an analysis of the impact of educational expansion on the incidence of poverty in the state of Ceará, using data from the 1999 round of the Pesquisa Nacional por Amostra de Domicilios (PNAD). Their model involves separate estimation of a number of separate "blocks", each of which explains an aspect of individual behaviour such as occupational choice and education choice. They then use the estimates from these models to simulate the impact of policy change over time. Our model differs from that of Ferreira and Leite in that we model all decisions within a single, dynamic, framework, and consider the impact of policy changes within this framework. But certain aspects of Ferreira and Leite"s workespecially their use of multinomial logit as a means of modelling choiceare similar to the approach we take below, and so comparisons between our work and theirs are particularly instructive.
Data
The two types of analysis conducted in this paper call on the use of two distinct datasets. For the static multinomial logit analysis, we employ the standard large scale Brazilian household survey, namely the Pesquisa Nacional por Amostra de Domicilios (PNAD) for the years of 1993, 1999 and 2005. This dataset has been widely used in the literature; see, for example, Arbache et al. (2004) and Ribas and Machado (2007) . It contains information concerning, inter alia, work experience, education and other personal characteristics. We choose to analyse the data at six year intervals over a period running from the early 1990s through the mid-2000s, this period corresponding with a rapid rise in educational participation, as we could see in Table 2) For the longitudinal analysis, we use data from the RAIS-MIGRA data set over the period 1995-2006. 5 This is a large longitudinal administrative data set which takes the form of an annual census of all formal sector workers. In view of the large size of this data set, and of the computer intensive nature of the estimation procedure being used, we have taken a random sample of 2509 male workers, all of whom pass through the school leaving age of 14 at some point during the 1995-2006 window.
It should be noted that the RAIS-MIGRA data provide information only for years in which the worker is employed in the formal sector. 6 A little over a half of all employment in Brazil is in this sector (Hoek, 2007) . However, it is possible to infer activity in some other periods from the data that are provided. In particular, we know from RAIS-MIGRA the individual"s highest level of education and so (on the assumption that education is uninterrupted) we know the individual"s age when he leaves education. We therefore know that he is in school at all ages younger than this. Beyond this age, if he is not observed in RAIS-MIGRA, he must belong to the "other activity" category (which may include employment in the informal sector or a state of not being employed). In this way, we can construct a complete, balanced, panel of data for our sample.
It is worth noting explicitly that the way in which these data are constructed inevitably leads to some measure of selection bias. Since we have data only for workers who, at some stage, have been employed in the formal sector, the data do not represent a random sample of the Brazilian population. While it would be possible to obtain such a random sample from other surveys (such as PNAD), these other surveys do not have the longitudinal properties needed in order to carry out the research attempted here.
Wage data are available for periods when a worker is employed in the formal sector, and these are used in the estimation as a means of identifying the coefficients. Using the consumer price index, these wage data have been deflated to 2005 values. There is a small number of observations where, while the respondent is known to be in formal sector work, wage data are absent. In these cases, the occupation specific average of the real wage is used.
The choice of education policy variable (educpol) presented something of a challenge in that consistent time series for many of the conventional measures (such as public expenditure on education as a percentage of GDP) are not readily available for all years in our study. Commonly used sources of data such as the World Development Indicators have gaps for certain years. We have therefore used the gross enrolment rate in tertiary education for the relevant age group (18-22), calculated from PNAD data (and, for 2003when there was no PNADfrom the census). The series for this variable is reported in Figure 1 and shows a marked increase in the enrolment rate over time. Indeed the enrolment rate has more than doubled over the course of little more than a decade.
The sample that we use comprises men aged 15-35 inclusive for the years 1993, 1999 and 2005. The six possible outcomes for our dependent variable (y) are agriculture (status=1), other manual (status=2), non-manual (status=3), self-employed outside agriculture (status=4), in education (status=5), and not in work or education (status=6) 7 .
The number of observations in the various occupation and activity categories differs. According to Table 3 , the most common activities are other manual activities, non-manual, and not in work or education. Analyzing the change from 1993 to 2005, it is clear that both non-manual and education categories increased in importance through the period. On the other hand, about 11 percent of the individuals are registered as agriculture. This percentage declined from 1993 to 2005. The proportion of people that are not in work or education also declined over these years.
We summarize the explanatory variables considered in this study and present brief descriptions and basic statistics of them in Table 2 for 1993, Table 3 for 1999 and in Table 4 for 2005. The explanatory variables can broadly be grouped into personal characteristics (age, age squared, number of years of study, ethnicity dummiesrace), family and household characteristics (number of children younger than age 15, number of males working, number of females working, number of males older than 60, number of females older than 60), and regional dummies (27 Brazilian states).
The ethnicity dummies are separated into: (1) aboriginal Brazilians, (2) white, (3) African Brazilians, (4) Asian Brazilians and (5) 
Statistical modelling
We report, first, the results of the static multinomial logit modelling exercise; results obtained using the dynamic discrete choice model follow later.
(i) Multinomial logit models
We consider six labour market outcomes: (i) In common with Ferreira and Leite (2002), we model occupational choice as a reduced form, choosing not to include an earnings variable as a determinant of choice, but rather including characteristics typical of those found in Mincerian earnings functions as measures of earnings potential. The adoption of a reduced form approach allows us to finesse issues of endogeneity and sample selection bias.
In Tables 5-7 , we report the marginal effects on the years of schooling variable, separately for each year, and separately for males, females, and all respondents. It is clear that in all years, schooling raises the probability with which an individual enters non-manual work, and reduces the probability with which an individual enters manual work. Schooling also raises the probability of continuing in education. For women, in most years, schooling raises the probability of entering self-employment outside of agriculture. This could conceivably reflect gender discrimination; if highly educated women find that their opportunities as employees are limited, they may decide to set up their own businesses.
For reasons of space, we do not report the marginal effects on the other variables in full; we do, however, report the results, pooled across men and women, for each year separately in the appendix. It is readily observed that, almost without exception, these marginal effects are highly significant, and that they affect outcomes in the expected direction.
In Table 8 we report the results of an analysis in which data from all three rounds are pooled, but the schooling variable is interacted with a round index so that we can investigate how the impact of schooling has changed over time. 9
On one hand, we find that the impact of schooling is increasing the probability that the respondent will be in education over time (as expected), as well as (more surprisingly) in the other manual employment and in agricultural employment categories. 10 On the other hand, these effects of schooling on occupational outcomes are diminishing over time for nonmanual employment and for self-employed. The results reported above make clear that an increased incidence of education raises the probability with which individuals remain in education (unsurprisingly), and the probability with which they enter employment as non-manual workers. It is clear therefore that national investment in education has a direct impact on occupational outcomes, leading to more workers entering non-manual jobs. We investigate this further as we turn to consider the dynamic modelling of destination.
(ii) Dynamic discrete choice model
In this section we evaluate the dynamic model, taking seriously the starting point provided by Keane and Wolpin. We thus begin with the following instantaneous reward functions:
R 1t = w 1 = α 10 +α 11 s t +α 12 x 1t +α 13 x 2t +ε 1t R 2t = w 2 = α 20 +α 21 s t +α 22 x 1t +α 23 x 2t +ε 2t R 3t = β 0 +β 1 I(s t 12)+β 2 educpol+ε 3t R 4t = γ 0 +ε 4t (2) Here s refers to years of schooling received prior to the current period t, x 1 is years of experience in occupation 1, and x 2 is years of experience in occupation 2. The terms R 1 through R 4 denote respectively the instantaneous returns to working in occupation 1 (nonmanual occupations), occupation 2 (manual occupations), or schooling, or other activity (which may include other work, unemployment, or absence from the labour force). In the case of the first two outcomes, we observe the wages, w 1 and w 2 respectively, and these are incorporated into the modelling procedure. The ε terms represent alternative-specific, periodspecific, random shocks. These are crucial in determining why some workers take certain paths through their career while others take others. The first term in the instantaneous reward for schooling equation indicates that we expect the one-period "reward" associated with schooling at tertiary level, β 1 , to be negative owing to the payment of tuition fees. The second term in that equation is intended to capture the effect of education policy (educpol) on the decision to stay on at school, and the sign and magnitude of the coefficient attached to that variable, β 2 , is therefore of primary interest in the present study.
As with any approximation method, a number of parameters need to be set by the analyst in order to proceed. For the simulation used to evaluate the regime that yields the greatest expected future return, we use 500 draws; we evaluate the expected return at 300 randomly chosen points in the state space and use the interpolation method for all other points. The discount parameter is set at 0.95. The convergence toward the maximum likelihood solution is deemed to be complete when further iterations fail to achieve an improvement in the log likelihood that exceeds 0.001%.
Parameter estimates are reported in Table 9 , and are broadly in line with our prior expectations. The key finding is that educpol raises the propensity of respondents to stay in education. Moreover, educational attainment increases the propensity to be in formal sector work relative to other destinationsthough surprisingly it has a greater effect on entry to manual as opposed to non-manual work in the formal sector. The high value of the ρ 33 parameter indicates that there is a considerable amount of unobserved heterogeneity across individuals, and that this impacts on the returns that are available to education; it may be the case that this could be modelled by separately evaluating coefficients for respondents that come from different family backgrounds, but this is an exercise that we leave for further work.
Following Keane and Wolpin (1994, 1997) we evaluate standard errors using the outer product of numerical first derivatives. Keane and Wolpin note that there may be a downward bias associated with these standard errors. The high t statistics reported in Table 1 for most of the coefficients seem to be quite typical for this type of model. Moreover, we note that the educpol variable is clustered across all observations in a given year. We are not aware of any literature that allows correction for such clustering in this context, but note that this too will likely bias the standard error downwards. Hence our central result concerning the impact of educational policy needs to be interpreted with some measure of caution.
It is possible to use the estimates reported in Table 9 as a starting point in an exercise which aims to evaluate how future changes in educational policy are likely to affect occupational outcomes. The software provided by Keane and Wolpin includes a program that, given the estimated parameter values, enables us to compute the within period probabilities with which a randomly selected observation is expected to appear in each regime in each period of the time frame under consideration; we can thus calculate these probabilities for an assumed time series of the educational policy variable. This is, once again, a rather computationally intensive exercise: for each individual in each period it is necessary to evaluate the expected returns at each point in a large state space. We do so using Keane and Wolpin"s default values. Raising the educational policy variable from 5% to 15% has the effect of raising the unconditional mean value of years spent in non-manual formal sector work from 0.0570 to 0.0717. The value of these means is small (since many individuals in the sample are of an age still to be in compulsory education), but the direction of change is very much in line with intuition.
The result is subject to a number of caveats. In particular, the "not in schooling or formal sector employment" category is broad; were it possible to disaggregate this category, we might conceivably find that expanding educational opportunity results in substantially lower levels of non-employment. A number of studies that employ dynamic discrete choice methods divide the population into subgroups (based, for example, on family income). To preserve simplicity, we have not done this, and it may be the case that a more refined specification of the model could identify stronger policy effects. Finally, it should be remembered that the way in which the RAIS-MIGRA data are collected inevitably result in some selection bias, since only workers that are at some stage employed in the formal sector are included in the data.
Conclusions
An increase in spending on education leads, not surprisingly, to an increase in the propensity for young people to undertake education. Later in the life cycle, the human capital that they have acquired equips these young people to undertake jobs that are qualitatively different from those in which they would otherwise have become employed. Put simply, more people get better jobs. This should be expected to tilt the economy"s comparative advantage toward the production of goods and services that are more skill intensive and hence more remunerative.
Our results are plausible, but should be treated with a measure of caution. In particular, it should be noted that the approach taken in the dynamic modelling assumes that, at the outset of their working lives, individuals differ only in the random shocks that they encounter. It may well be the case that different types of individual can be identified, and that improvements to the model fit can be secured by modelling these types in a distinct fashion. This is left for further work.
Willis, Robert J. and Rosen, Sherwin (1979) Education and self-selection, Journal of Political Economy, 87, S7-S36. Note: z values in parentheses; control variables are as described in the text. Note: z values in parentheses; control variables are as described in the text. Note: z values in parentheses; control variables are as described in the text. Note: The ρ terms are the correlations of the error terms such that: ε 1t = ρ 11 η 1t ε 2t = ρ 22 η 2t ε 3t = ρ 33 η 3t ε 4t = ρ 44 η 4t η kt N(0,1), k=1,...,4. -0.0181*** -0.0199*** 0.0472*** -0.0037*** 0.0152*** -0.0205*** (0.0002) (0.0004) (0.0004) (0.0002) (0.0003) (0.0005) age -0.0076*** 0.0321*** -0.0007 0.0336*** -0.0957*** 0.0384*** (0.0012) (0.0026) (0.0026) (0.0017) (0.0020) (0.0026) age 2 0.0001*** -0.0005*** 0.0001** -0.0004*** 0.0015*** -0.0007*** (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) female -0.0356*** -0.1664*** -0.0408*** -0.1151*** 0.0231*** 0.3349*** -0.0239*** -0.0231*** 0.0531*** -0.0019*** 0.0110*** -0.0151*** (0.0003) (0.0005) (0.0005) (0.0003) (0.0002) (0.0005) age -0.0043*** 0.0053** -0.0156*** 0.0364*** -0.0437*** 0.0218*** (0.0014) (0.0027) (0.0026) (0.0019) (0.0015) (0.0027) age 2 0.0000 -0.0000 0.0003*** -0.0005*** 0.0006*** -0.0004*** (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000) female -0.0436*** -0.1803*** -0.0608*** -0.1254*** 0.0124*** 0.3978*** (0.0021) (0 -0.0116*** 0.0533*** -0.0182*** -0.0155*** -0.0030*** -0.0048 (0.0021) (0.0040) (0.0036) (0.0024) (0.0010) (0.0037) Rondônia -0.0258** -0.0374** 0.0455** 0.0217 0.0146** -0.0186 (0.011) (0.0161) (0.0180) (0.0152) (0.0068) (0.0165) Acre -0.0732*** -0.1005*** 0.1170*** 0.0617** 0.0762*** -0.0812*** (0.0098) (0.0228) (0.0296) (0.0289) (0.0180) (0.0232) Amazonas -0.0499*** -0.0753*** -0.0075 0.0682*** 0.0500*** 0.0145 (0.0061) (0.0110) (0.0115) (0.0125) (0.0069) (0.0130) Roraima -0.0491** -0.0879*** 0.0244 0.0629* 0.0242 0.0255 (0.0226) (0.0329) (0.0354) (0.035) (0.0156) (0.0422) Pará -0.0388*** -0.0886*** 0.0016 0.1183*** 0.0356*** -0.0281*** (0.0054) (0.0079) (0.0093) (0.0108) (0.0044) (0.0088) Amapá -0.0717*** -0.0984*** 0.0797** -0.0013 0.0570*** 0.0349 (0.0102) (0.0239) (0.0325) (0.0240) (0.0169) (0.0324) Tocantins 0.1064*** -0.0848*** -0.0074 0.0496*** 0.0036 -0.0674*** (0.0146) (0.0122) (0.0148) (0.0146) (0.0052) (0.0123) Maranhão 0.0272*** -0.1446*** -0.0666*** 0.2931*** -0.0041 -0.1049*** (0.0082) (0.0080) (0.0101) (0.0153) (0.0033) (0.0092) Piaui 0.0734*** -0.1475*** -0.0060 0.1551*** 0.0209*** -0.0959*** (0.0105) (0.0085) (0.0129) (0.0142) (0.0054) (0.0100) Ceará 0.0470*** -0.1154*** -0.0032 0.0843*** 0.0157*** -0.0284*** (0.0070) (0.0060) (0.0081) (0.0085) (0.0031) (0.0076) Rio Grande do Norte 0.0033 -0.0827*** -0.0182 0.0535*** 0.0237*** 0.0204 (0.0084) (0.0106) (0.0120) (0.0121) (0.0053) (0.0130) Paraiba 0.0785*** -0.1354*** -0.0510*** 0.0896*** 0.0224*** -0.0042 (0.0104) (0.0085) (0.0103) (0.0123) (0.0050) (0.0118) Pernambuco 0.0333*** -0.0904*** -0.0479*** 0.0699*** 0.0130*** 0.0220*** (0.0064) (0.0062) (0.0062) (0.0076) (0.0026) (0.0078) Alagoas 0.0552*** -0.1551*** -0.0242* 0.0388*** 0.0277*** 0.0575*** (0.0105) (0.0086) (0.0127) (0.0119) (0.0057) (0.0144) Sergipe 0.0870*** -0.1162*** -0.0158 0.0327*** 0.0391*** -0.0268** (0.0116) (0.0096) (0.0126) (0.0116) (0.0066) (0.0123) Bahia 0.0997*** -0.1477*** -0.0257*** 0.0826*** 0.0278*** -0.0367*** (0.0072) (0.0050) (0.0065) (0.0070) (0.0030) (0.0065) Minas Gerais 0.1023*** -0.0625*** -0.0316*** 0.0329*** -0.0032* -0.0378*** (0.0064) (0.0054) (0.0053) (0.0052) (0.0016) (0.0057) Espirito Santo 0.1829*** -0.0691*** -0.0660*** 0.0263*** -0.0052* -0.0689*** (0.0138) (0.0101) (0.0087) (0.0100) (0.0029) (0.0101) Rio de Janeiro -0.0681*** -0.0453*** 0.0031 0.0371*** 0.0237*** 0.0493*** (0.0032) (0.0064) (0.0061) (0.0060) (0.0026) (0.0073) Paraná 0.1392*** -0.0457*** -0.0478*** 0.0281*** -0.0145*** -0.0592*** (0.0088) (0.0069) (0.006) (0.0062) (0.0016) (0.0064) Santa Catarina 0.1517*** -0.0028 -0.0656*** 0.0313*** -0.0192*** -0.0954*** (0.0114) (0.0096) (0.0074) (0.0081) (0.0018) (0.0078) Rio Grande do Sul 0.1357*** 0.0245*** -0.0693*** 0.0342*** -0.0146*** -0.1105*** (0.009) (0.0073) (0.0051) (0.0061) (0.0015) (0.0055) Mato Grosso do Sul 0.1589*** -0.0771*** -0.0362*** 0.0216** -0.0108*** -0.0563*** (0.0135) (0.0099) (0.0102) (0.0095) (0.0028) (0.0099) Mato Grosso 0.1269*** -0.0879*** -0.0039 0.0316*** -0.0047 -0.0620*** (0.0116) (0.0088) (0.0100) (0.0093) (0.0030) (0.0090) Goiás 0.1204*** -0.0707*** -0.0254*** 0.0318*** -0.0038* -0.0521*** (0.0091) (0.0071) (0.0073) (0.0071) (0.0022) (0.0072) Distrito Federal -0.0511*** -0.0429*** 0.0244*** -0.0041 0.0314*** 0.0423*** (0.0056) (0.0094) (0.0090) (0.0079) (0.0041) (0.0109) Number of boys in household 0.0145*** 0.0023 -0.0224*** 0.0035*** -0.0030*** 0.0050*** (0.0009) (0.0019) (0.0020) (0.0012) (0.0005) (0.0018) Number of girls in household 0.0135*** 0.0066*** -0.0192*** 0.0045*** -0.0039*** -0.0016 (0.0009) (0.0019) (0.0020) (0.0012) (0.0005) (0.0018) Number of working age males in household 0.0182*** -0.0284*** -0.0202*** -0.0148*** 0.0042*** 0.0409*** (0.0009) (0.0021) (0.0019) (0.0014) (0.0004) (0.0019) Number of working age females in household -0.0047*** 0.0489*** 0.0379*** -0.0033** 0.0096*** -0.0884*** (0.0013) (0.0021) (0.0019) (0.0016) (0.0005) (0.0025) Number of males older than 60 in household 0.0430*** -0.0382*** -0.0205*** -0.0103** 0.0033** 0.0228*** (0.0033) (0.007) (0.0061) (0.0046) (0.0017) (0.0070) Number of females older than 60 in household -0.0056 -0.0035 -0.0013 -0.0069 0.0117*** 0.0058 (0.0038) (0.0068) (0.0059) (0.0044) (0.0016) (0.0067) Observations 115253 Pseudo R 2 0.2248 Log pseudolikelihood -70826214 Notes: Robust standard errors in parentheses. 
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